Mutations provide the variation that drives evolution, yet their effects on fitness remain 12 poorly understood. Here we explore how mutations in the essential enzyme Adenylate 13 Kinase (Adk) of E. coli affect multiple phases of population growth. We introduce a 14 biophysical fitness landscape for these phases, showing how they depend on molecular and 15 cellular properties of Adk. We find that Adk catalytic capacity in the cell (product of 16 activity and abundance) is the major determinant of mutational fitness effects. We show 17 that bacterial lag times are at a well-defined optimum with respect to Adk's catalytic 18 capacity, while exponential growth rates are only weakly affected by variation in Adk.
Introduction 25
Random mutagenesis is often used to assess the distribution of fitness effects in simple 26 experimental models such as propagating viruses and microbes evolving under antibiotic 27 stress 1,2 . However, the enormous size of sequence space severely constrains how much of the 28 fitness landscape can be explored this way, and mechanistic and predictive insights from these 29 experiments are further limited by a lack of knowledge of the molecular effects of mutations. these phases of growth contribute toward the outcome when in competition for limited resources, 48 and hence determine fitness 3, 9 . The relative importance of these different phases of bacterial 49 growth in sculpting the fitness landscape depends on the conditions of growth and competition 10-( Fig. S4 ), clearly indicating a higher fraction of aggregated species. The catalytic efficiency 85 cat M k K of the mutant Adk proteins was distributed broadly with most mutants showing a 86 lower activity than E. coli WT (Table S1 , Figs. 1C, S5).
87
Intracellular abundance of Adk follows prediction from Boltzmann distribution 88 We then incorporated each of the 21 adk mutations one-by-one into the E. coli chromosome 89 using a genome-editing approach based on homologous recombination 3, 4 . We measured the total 90 intracellular abundance of WT and mutant Adk proteins using a quantitative western blot 91 (Table S2 ). The sigmoidal dependence of total intracellular Adk abundance on folding stability 92 G (Fig. 1D ) is well-described by the Boltzmann distribution for two-state unfolding proteins:
where P F is the fraction of folded molecules in the ensemble of intracellular Adk and 95 b =1/ k B T , with Boltzmann constant B k and growth temperature T . The total measured 96 abundance of a protein is its amount in the cytoplasm at steady-state, achieved by a balance 97 between production and degradation. Since Adk is expressed from a constitutive promoter in the 98 cells, it is generally safe to assume that the rates of production of all mutants are similar. Under 99 this assumption, the sigmoidal dependence of abundance on stability clearly indicates that the 100 unfolded protein is degraded in the active medium of the cytoplasm.
101
Mutations in Adk affect lag times more than exponential growth rates 102 Mutations in Adk affect both intracellular abundance (via folding stability) and catalytic activity 0.019 for lag time as compared to normalized catalytic capacity of 1 for WT. This shows that 140 WT is situated closer to the cusp in terms of lag time as compared to growth time or growth rate. 142 This data highlights the pleiotropic effects of mutations on different phases of bacterial 143 population growth, which raises the question of how pleiotropy shapes the evolutionary fate of a 144 mutation. We explore this issue by considering the outcome of binary competitions between 145 strains 18 . We first simulated binary competitions over a wide range of growth rates and lag times 146 in media conditions that allow for either 5-fold (low carrying capacity) or 500-fold (high 147 carrying capacity) increase over the initial population ( Fig. 3A ) (See Methods). We found that 148 there is a significant tradeoff between lag times and growth rates in determining the winners of 149 binary competitions, with lag playing a more important role at low carrying capacity ( Fig. 3A ),
141

Shorter lag imparts advantage at low carrying capacity: A computational model
150
implying that beneficial lag provides a greater fitness advantage under strongly nutrient-limiting 151 conditions. 153 To realize varying nutrient conditions in binary competition experiments, we explored the 154 growth of E. coli over a range of glucose concentrations, mimicking the variation of carrying 155 capacity in simulations, and found that only the carrying capacities are proportional to glucose 156 concentration with minimal effects on lag time and growth rate ( Fig. 4 ). This suggests that 157 observing the outcome of the competition at different time snapshots in a nutrient-rich medium is 158 equivalent to running the competition at different glucose concentrations (carrying capacities).
152
Shorter lag imparts advantage at low carrying capacity: Experimental evidence
159
To evaluate the predictions from simulations, we carried out two sets of binary competition 160 experiments based on the overall distribution of growth rates and lag times ( Fig. 3B ). First, we 161 selected strains exhibiting a tradeoff between growth rate ( ) and lag time ( ) ( 1 > 2 and 162 ,1 > ,2) (inset of Fig. 5B ). Second, we tested competition between strains that differ in their lag 163 times but have nearly indistinguishable growth rates ( 1 ≈ 2 and 1 > 2) (inset of Fig. 5C ). In 164 all cases a strain with shorter lag time is expected to dominate at lower carrying capacity 165 conditions (corresponding to the competition outcome at early time points), however this 166 advantage would be lost at later time points if its growth rate is lower than that of the competing 167 strain (Fig. 5A ). In the second scenario, the advantage due to short lag is expected to persist even at high carrying capacity conditions because the growth rates of the competing strains do not 169 differ. We estimated the relative proportions of the two strains by a qPCR-based mismatch 170 amplification mutation assay (MAMA) approach 19 (see Methods and Fig. S12 ). As expected in 171 the first scenario, L083F and V106H dominated at earlier time points when competed against 172 A093I and L209I, respectively, due to their shorter lag times ( L083F < A093I and V106H < L209I)
173
( Fig. 5B ). Eventually their fraction dropped below 0.5 at later time points (equivalent to high 174 carrying capacity) where the growth rates determine the competition output ( L083F < A093I and 175 V106H < L209I) ( Fig. 5B) . Similarly, for the second scenario, despite having similar growth rates 176 ( WT ≈ Y182V ≈ L209A), the fraction of WT was always maintained above 0.5 as it spends a stability and lower fitness 13,29 . Hence we selected the sites for mutagenesis with side-chain 237 accessibility of less than 10%. In addition, the selected sites were also away from the active-site 238 residues, or active-site contacting residues, and a minimum of 6 Å away from the inhibitor Ap5A 239 binding sites (pdb 1ake). The structure of Adk is divided into three domains: LID (residues 118-240 160), NMP (residues 30-67), and Core (residues 1-29, 68-117, and 161-214). We define the 241 active-site residues as those whose accessible surface area changes by at least 5 Å 2 in the 242 presence of the inhibitor Ap5A. A similar criterion was used to define the residues contacting the 243 active site. Altogether 4 residues from the LID domain, 3 from the NMP domain, and 28 from 244 the Core domain satisfy these criteria. Of the 28 sites from the Core domain, we randomly chose 245 6 to mutate. We chose the identities of the mutations to span various sizes of the side chains and 246 a range of conservation. We derived the conservation from the multiple sequence alignment of 247 895 sequences for Adk collated from ExPASy database (as of Nov 2012).
248
Generation of mutant strains: We generated the strains with WT and mutant adk with 249 chloramphenicol-and kanamycin-resistance genes on either end of the adk gene using the 250 genome editing approach as described previously 3 . Since the adk gene is flanked by two repeat 251 regions (REPt44 and REPt45) on the wild-type chromosome, we extended the homology 252 required for recombination up to the middle of the adjacent genes.
253
Growth curve measurements and media conditions: WT and mutant strains were grown 254 overnight at 30 °C from single colonies in a supplemented M9 medium (0.2 % glucose, 1 mM 255 MgSO4, 0.1 % casamino acids, and 0.5 g/ml thiamine). OD600 was measured for all the strains 256 and then the cultures were normalized to whichever had the lowest OD. The normalized cultures were diluted 1:100 in fresh supplemented M9 media and the growth curves were monitored in 258 triplicates using Bioscreen C at 37 °C. We derived the growth parameters by fitting ln(OD) 259 versus time with the four-parameter Gompertz function (see below). The error in replicates was 260 found to be between 2-3% on an average, and it did not improve significantly upon increase in 261 number of replicates.
262
Fitting growth data and estimation of growth parameters: In our study, we define lag time as 263 the time required to achieve the maximum growth rate ( Fig. 2A) . Growth time was 264 defined as reciprocal of growth rate . Since it has the same units as lag time, it is more 265 convenient to use for the statistical analysis and data fitting ( Fig. S11 ).
266
We used two different methods to infer these parameters: A) direct analysis of growth curve 267 derivatives and B) fits to the Gompertz function ( Fig. S6 ).
268
In method A, we took the growth rate as the maximum value of
where 269 t is 15 minutes. The lag time was then the earliest time at which this maximum growth rate 270 was achieved.
271
For method B we used the following four-parameter Gompertz function to fit ln(OD) vs. time 272 plots:
where the carrying capacity is K , the maximum growth rate is
, and the lag 275 time is the time taken to achieve the maximum growth rate. 276 For both the methods, we considered only data points with 600 0.02 OD . The instantaneous 277 derivatives of all growth curves show presence of a distinct peak at OD600 values greater than 278 0.02 ( Fig. S6 ), indicating monoauxic growth and also asserting that the derived growth 279 parameters are unaffected due to ignoring the lower OD data.
280
The and estimated from the two aforementioned methods are strongly correlated 281 (Pearson's r = 0.80, p = 1.4e 5 for , and r = 0.71, p = 3.0e-4 for ) ( Fig. S7 ). However, the 282 uncertainty in the fitted parameters appears to be less than the uncertainty in the parameters 283 obtained from the derivatives, which are limited by the low time-resolution of the experimental 284 data (acquired at an interval of 15 min).
285
The growth rate and lag time appear to be statistically independent of each other across 286 the Adk mutant strains (Spearman's = 0.31, p = 0.15, Fig. 3B ). Hence it is conceivable that 287 selection can act separately on these two traits, which is further illustrated by the different fitness Simulation of binary competition: We simulated the competition of two strains by using the 307 Gompertz function (Eq. 2) to model the growth of individual strains. The initial population 308 (OD0) for both strains was equal, and growth ceases when 0 t i OD OD K , where K is the 309 carrying capacity. We considered two different values of carrying capacities (5 and 500). We set 310 1 and 1 to values derived experimentally for WT Adk strain (Table S2) , while the growth 311 rates and lag times for the second competing strain were varied randomly across the intervals 312 0.005 to 0.030 min -1 (for growth rate) and 50 to 300 min (for lag time). Table S1 . measurements (see Table S2 ). The growth rate and lag time appear to be statistically independent 369 of each other across the Adk mutant strains (Spearman's = 0.31, p = 0.15). 
Biophysical characterization
Thermal denaturation: We assessed the thermal stability of WT and mutant proteins by differential scanning calorimetry (nanoDSC, TA instruments) using 20 µM of protein. The scans were carried out from 10 to 90 °C at a scan rate of 90 °C/hr. The thermodynamic parameters were derived by fitting the data to a two-state unfolding model using NanoAnalyze (TA instruments). We also carried out thermal denaturation using the melt-curve module of BioRad CFX96, with Sypro Orange dye as a probe for unfolding as described earlier 1 . The dye was added to the final concentration of 5× in a 25 µl reaction volume containing 4 µM of protein in 10 mM potassium phosphate buffer (pH 7.2). The data were fit to a standard four-parameter sigmoidal equation to obtain apparent melting temperatures.
Urea denaturation: We carried out isothermal urea denaturation with WT and mutant proteins to assess the stability of the proteins to chemical denaturants. We incubated 5 µM of protein for Table S2 for growth parameters).
Fig S7:
Correlation between growth parameters derived from Gompertz fitting and maximumderivative method. The parameters derived from both the methods correlate very well as indicated by Pearson's correlation parameters (r and p-values). The data points represent mean and error bars are standard deviation of 6 or 9 measurements (see Table S2 ). a was assumed to be 1. The K M -like parameter b for growth time was 0.006 and that for lag time was 0.019, which indicates that the WT catalytic capacity is closer to the cusp for lag time than for growth time. The mutant data is shown in gray circles, whereas the overexpression data is shown in red. In green is shown WT, while the blue circle indicates V106N which was omitted from the fitting. The error bars represent standard deviation of parameters derived from growth curves of 3 colonies (biological replicates) in triplicates (9 curves). See Table S2 and S3 for the parameters. (2) are mixed in 1:1 proportion and were grown at 37 °C. Samples were drawn at different time points, normalized for OD, and genomic DNA was extracted. The proportions of individual strains were estimated by a qPCR method employing mismatch amplification mutation assay method (see Methods). We designed a set of primers to differentially amplify the strains by matching the 3'-end of one of the primers to the site of mutation and using Taq DNA polymerase for amplification. 
